To increase the precision of the alignment to the HLA region, we first generated the POLYSOLVER allele database, a full-length genomic reference library of all known HLA alleles (6,597 unique entries based on the IMGT database 1 ) (Online Methods). We then curated a database of all k-mer segments found in these alleles, and selected reads in the WES data that had at least one perfect k-mer match as potentially true HLA reads. The optimal value of k was determined to be half the read length in the WES data ( Supplementary Fig. 2 and Supplementary Note 2). This list was further augmented with any additional reads that were previously matched to the HLA loci using standard alignment tools against the canonical reference. The final alignments of the potential HLA reads were created by matching against the POLYSOLVER allele database using a precise alignment method (Novoalign, www.novocraft.com), keeping all best-scoring alignments for each read (i.e. reads often aligned equally well to multiple HLA alleles).
Inference of HLA alleles for each individual
HLA allele names comprise the gene name (i.e. A, B, C) suffixed by successive sets of digits that indicate increasing sequence-level and functional resolution. The first set specifies the serological activity of the allele (allele level resolution, ex. A*01 or A*02) while the second set of digits, in conjunction with the first set of digits, specifies the protein sequence (protein level resolution, ex. A*02:01). We focused on resolving alleles up to the protein level resolution. We applied a two-step inference procedure; detecting the most-likely allele first and then, given the first allele, determining the second most likely allele. Inference is based on a Bayesian calculation that takes into account: (i) the qualities of the bases comprising each aligned read; (ii) the observed insert sizes of reads aligned to the allele; (iii) the number of reads aligned to the allele; and (iv) the prior probability of each allele (Fig.1a) . Previous studies have suggested that knowledge of the ethnicity of the individual under consideration can increase the probability of correct typing since the population-level allele frequencies differ based on race 2, 3 . We therefore also harnessed these known population-level allele frequencies and use ethnicity-dependent prior probabilities in our model (Online Methods, Supplementary Table 2 ). The posterior probability was calculated for each allele which aggregates evidence from both the likelihood computation and the prior probability. The allele with the highest posterior probability ('the winner') was inferred to be the correct first allele.
In the second step of the inference, we had to take into account that: (i) an individual may be either homozygous or heterozygous for any of the HLA genes; and (ii) alleles encoding for the same protein sequence tend to have highly similar DNA sequences, thereby artificially inflating the posterior probabilities of alleles that bear significant sequence similarity to the first inferred allele. We observed that selecting the top two alleles when the posterior probabilities were simply sorted in order was incorrectly biased in favor of declaring homozygous winners, with 23 out of 24 HLA loci in the training set being miscalled in this fashion. On the other hand, a complete depletion of reads mapping to the first inferred allele followed by a recalculation of the posterior probability-derived scores yielded only heterozygous calls. To balance between the two extremes, we devised a strategy that shrank allele scores in proportion to their sequence similarity with the first inferred allele (Online methods). The allele with the highest recalculated score was then inferred as the second true allele. By using this strategy, we correctly identified 47 of 48 (97.9%) alleles at the protein level (Supplementary Table 1 ).
Supplementary Note 2: Choice of tag length library
The choice of 38 mers for creation of HLA tag library was based on maximizing the specificity of the library for HLA genes while maintaining 100% sensitivity in the context of downstream read filtering. To assess the specificity of tag libraries of different lengths derived from the HLA genes, we created a sequence set of ~21,000 non-polymorphic genes and recorded the fraction non-polymorphic genes that matched at least one tag from the library. Specificity was defined as 1 minus this fraction. To account for the possibility of sequencing errors or genuine somatic mutations, we decided to preserve reads that had no more than one misalignment or indel reference to the allele reference. For 100% sensitivity, this implies that the tag library length be no more than half the length of the sequencing reads. If a misalignment happens at or close to the edges of a read, there would still be multiple tags of length = read length/2 in the middle of the read which would guarantee its retrieval. In the extreme case, if a misalignment happens in the middle base (if the read length is odd) or in one of the middle two bases (if the read length is even), there would still be one tag of length = read length/2 which would ensure it's retrieval. Since we had 76 base pair reads, we decided to use the 38 mer tag library, which yielded 23.3% specificity (Supplementary Fig. 2) . The low specificity value is not an issue since non-specific reads are discarded in the post-alignment filtering prior to further analysis.
Supplementary Note 3: Analysis of 23 somatic changes found exclusively by TCGA
We performed a detailed analysis of the 23 mutations and indels that were identified exclusively by TCGA but missed by POLYSOLVER-based mutation detection. We concluded that 9 of these mutations were potentially true negatives while the remaining 14 were likely mistakes in the TCGA mutation lists (Supplementary Table 8 ). POLYSOLVER-based mutation detection employs stringent criteria for calling mutations including:
(i). Prohibiting soft-clipping of reads and requiring that each mate of a read pair have no more than one event (any one mutation, insertion or deletion. The indels can have length > 1).
(ii). Requiring that both mates map to the allele in which the alternative allele is detected.
(iii). Filtering mutations in cases where two or more mutations were identified in the same allele.
Relaxation of these criteria renders 6 of the 9 potentially true events identifiable by standard approaches. Analysis of the remaining 3 likely true events there were not identified by POLYSOLVER-based mutation detection are presented below:
a. SKCM-MEL-13463
Alignment to the canonical reference shows two mutated positions in the tumor sample 26 bp apart (chr6:29911893, C->T; chr6: 29911919, A->G). The first position (chr6:29911893) also shows up with a mutation in the normal sample. In both tumor and normal samples, the T in first position has an allele frequency of 1 which suggests that there should be a reference allele which has a T in this position. However there were no alleles in the reference HLA library which matched the 27 bp segment spanned by the first and second positions, with the C replaced by the expected base T at the first position. It is possible this sample has a previously uncharacterized allele which would explain why this potentially true mutation was missed by POLYSOLVERbased mutation detection.
b. LUSC-TCGA-21-5782
There is good evidence for the mutation when event count threshold is relaxed to 2 (5 mutation bearing reads in the tumor compared to 0 in the normal sample), but Mutect doesn't call this event because of possible contamination.
c. OV-TCGA-13-1509
There were 3 deletion bearing reads. None of these reads were aligned to any HLA allele by Novoalign presumably because of the 16 bp deletion. This seems like a true deletion that was missed by POLYSOLVER-based mutation detection.
These default stringent conditions employed by POLYSOLVER-based mutation detection pipeline can be relaxed if the primary goal is to increase sensitivity at the cost of specificity. This would especially be useful if follow-up experimental confirmation of detected mutations was planned. Since we did intend to do experimental validation in this study, we wanted to minimize false positives by using the more stringent criteria.
Supplementary Note 4: Notes about other HLA typing tools
We have compared POLYSOLVER to 6 other publically available algorithms for HLA typing, including seq2HLA 4 
